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Abstract| In this paper, a correlation-based n-
gerprint verication system is presented. Unlike
the traditional minutiae-based systems, this sys-
tem directly uses the richer gray-scale information
of the ngerprints. The correlation-based nger-
print verication system rst selects appropriate
templates in the primary ngerprint, uses template
matching to locate them in the secondary print,
and compares the template positions of both n-
gerprints.
Unlike minutiae-based systems, the correlation-
based ngerprint verication system is capable of
dealing with bad-quality images from which no mi-
nutiae can be extracted reliably and with nger-
prints that suer from non-uniform shape distor-
tions. Experiments have shown that the perfor-
mance of this system at the moment is comparable
to the performance of many other ngerprint veri-
cation systems.
Keywords| ngerprint verication, image pro-
cessing, template matching.
I. Introduction
This paper discusses a ngerprint verication sys-
tem. As illustrated in Figure 1, a ngerprint is con-
sists of ridge-valley structures [1]. In this gure, the
ridges are black and the valleys are white. When using
ngerprints for recognition systems, the ridge-valley
structures are the main source for the information to
be extracted from the ngerprints. It is possible to
identify two levels of detail in a ngerprint.
 The directional eld describes the coarse struc-
ture, or basic shape, of a ngerprint. The direc-
tional eld is dened as the local orientation of
the ridge-valley structures at each position in the
ngerprint. The directional eld is for instance
used for classication of ngerprints.
 The minutiae provide the details of the ridge-
valley structures, like ridge-endings and bifurca-
tions. Minutiae are for instance used for match-
ing, which is a one-to-one comparison of two n-
gerprints.
Two kinds of ngerprint recognition systems exist.
In a ngerprint identication system, a user only of-
fers his nger. Then, the system searches its internal
database for a matching print. If a matching print is
found, this identies the person.
Fig. 1. Example of a ngerprint. The ridges are black and
the valleys are white in this gure.
A ngerprint verication system, on the other hand,
checks whether a person really is who he claims to be.
A person rst identies himself by e.g. an ID-card or a
username. Then, instead of entering a personal iden-
tication code or a password, the user puts his or her
nger on a sensor. The system retrieves a ngerprint
of that person, called the primary ngerprint, from
its database, and checks whether it matches the live-
scanned nger, which is called the secondary nger-
print. If they match, the user is classied as genuine,
and gets access to the system. If the ngerprints don’t
match, the user is classied as impostor. The perfor-
mance of a ngerprint matching system can be shown
in a confusion matrix, in which the probabilities of all
possible situations are shown:
!0 !1
!^0 TRR FRR
!^1 FAR TAR
(1)
In this matrix, !0 is the impostor class, !1 the
genuine class, !^0 and !^1 the corresponding assigned
classes, TRR the true rejection rate, FRR the false re-
jection rate, FAR the false acceptance rate and TAR
the true acceptance rate.
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Fig. 2. Example of a receiver operating curve (ROC), in
which the possible operating modes are indicated by
the stars.
For most ngerprint matching systems, these rates
can be controlled by a parameter. The receiver op-
erating curve (ROC), of which an example is shown
in Figure 2, is a plot in which FRR is plotted against
FAR for the dierent operating modes. The closer
the curve approaches the point where FRR = 0 and
FAR = 0 , the better is the performance of the system.
The operating mode where FRR = FAR is called the
equal error rate (EER).
Fingerprints are slightly dierent each time they
are captured. Therefore, matching cannot be carried
out by simply calculating the crosscorrelation of two
prints. There are two types of distortions when com-
paring one ngerprint to another print of the same
nger.
 Noise is caused by the capturing device or by e.g.
dirty ngers. This noise can be reduced by appli-
cation of appropriate lters.
 Shape distortions are caused by pressing the con-
vex elastic ngerprint surface on a flat sensor.
This may result in stretch, rotation and shear,
which also might be present only in certain parts
of the ngerprint due to non-uniform nger pres-
sure. Shape distortions cannot be compensated
easily.
Most ngerprint recognition systems rst extract
the minutiae from ngerprints, and then compare the
minutiae sets of two prints. The standard minutiae-
based ngerprint verication system is discussed in
Section II. To eliminate some of the drawbacks of the
minutiae based systems, we have chosen to design a
system that directly uses the gray-level information.
This correlation-based ngerprint verication system
is discussed in Section III. In Section IV, some ex-
perimental results of the application of this system to
(a) Ridge-ending (b) Bifurcation
Fig. 3. Examples of minutiae.
ngerprint databases are discussed, and in Section V,
the conclusions of this paper are given.
II. Minutiae-Based Approach
Most ngerprint verication systems follow a minu-
tiae-based approach, see e.g. [1]. Minutiae-based n-
gerprint verication systems rst extract the minu-
tiae, shown in Figure 3, from the ngerprint images.
Then, the decision is based on the correspondence of
the two sets of minutiae locations.
Minutiae-based ngerprint verication systems use
a large number of successive processing steps. In gen-
eral, the following steps can be identied in a minutiae-
based system:
 directional eld estimation,
 adaptive ltering for noise reduction,
 thresholding to obtain a binary ngerprint image,
 morphological operations like thinning to obtain
ridges that are only one pixel wide,
 minutiae extraction from the thinned image,
 application of heuristics to reduce the number of
false minutiae,
 registration of minutiae templates by Hough trans-
form,
 matching score computation.
The main drawback of the minutiae-based approach
is the error propagation from the minutiae extrac-
tion to the decision stage. In general, the extracted
minutiae templates contain a number of false minu-
tiae, while also some minutiae will be missed. This
is especially the case when using bad-quality nger-
prints. The heuristics do not catch all spurious minu-
tiae, while they might reject some of the genuine minu-
tiae. As a result, the decision stage has to compare
two aected sets.
The minutiae sets of the primary and secondary
ngerprints are registered, which means aligned, by
means of a Hough transform. This transform searches
for the parameter set (Tx; Ty; ’; S) that aligns the
minutiae sets as well as possible. For this purpose,
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the number of matching minutiae pairs is used as an
evaluation measure. In the parameter set, Tx and Ty
are translations in x and y direction, ’ is rotation and
S is scale.
Minutiae sets of prints that originate from the same
nger do in general not contain the same minutiae,
due to errors in the rst stages of the algorithm. Be-
cause of false and missed minutiae, it is even possible
that both sets do not even contain the same number of
minutiae. Obviously, this decreases the performance
of registration and matching. Shape distortions de-
crease the performance even more. In the presence
of these distortions, the perfectly registering transfor-
mation does not exist, even for sets that only contain
corresponding minutiae.
III. Correlation-Based Fingerprint
Matching
In order to deal with some of the problems of the
minutiae-based approach, we have chosen an alterna-
tive approach. Instead of only using the minutiae lo-
cations, our method directly uses the gray-level infor-
mation from the ngerprint image, since a gray-level
ngerprint image contains much richer, more discrim-
inatory, information than only the minutiae locations.
Those locations only characterize a small part of the
local ridge-valley structures [2, 3, 4].
The correlation-based ngerprint verication sys-
tem is inspired by [5]. It rst selects characteristic
templates in the primary ngerprint. Then, template
matching is used to nd the positions in the secondary
ngerprint at which the templates match best. Fi-
nally, the template positions in both ngerprints are
compared in order to make the decision whether the
prints match.
A. Template Selection
The rst step in the template matching algorithm
is the selection of appropriate templates. This is a
crucial step, since good templates will be easily local-
ized in the secondary print at the right position, while
bad templates will not. More generally, the templates
should be uniquely localized in the secondary nger-
print. The template should t as well as possible at
the same location, but as badly as possible at other
locations.
The rst template property to consider is the size
of the templates. There must be an optimal tem-
plate size, as can be seen from two extreme situations.
When the entire ngerprint is taken as template, any
attempt to align specic corresponding positions will
lead to misalignments at other positions due to shape
distortions. On the other hand, if templates of only 1
by 1 pixel are chosen, it is clear that the templates do
not oer enough distinction. Experiments have shown
that a template size of 24 by 24 pixels is a good com-
promise.
The second problem in selecting the right templates
is which template positions to chose. Research has
shown for instance, that a template that contains only
parallel ridge-valley structures cannot be located very
accurately in the secondary ngerprint. In this pa-
per, three template selection criteria are proposed, be-
ing minutiae-based, coherence-based and correlation-
based.
A.1 Minutiae-Based Template Selection
As mentioned before, templates that only contain
parallel ridge-valley structures do not oer much dis-
tinction. On the other hand, when a template con-
tains one or more minutiae, it will be much easier to
nd the correct location in the secondary print. Us-
ing this assumption, one possible approach to select
template locations is to extract minutiae from the n-
gerprint image and to dene templates around the
minutiae locations.
A drawback of this technique is that it suers from
most of the problems of minutiae-based systems. Still,
many false minutiae are extracted, causing at least a
part of the templates to be rather unreliable.
A.2 Coherence-Based Template Selection
The coherence of an image area is a measure that
indicates how well the local gradients are pointing in
the same direction. In areas where the ridge-valley
structures are only parallel lines, the coherence is very
high, while in noisy areas, the coherence is low [6, 7].
Templates that are chosen in regions of high coher-
ence values cannot be located reliably in a second n-
gerprint [8]. However, at locations around minutiae,
more gray-scale gradient orientations are present, re-
sulting in a signicantly lower coherence. Therefore,
the coherence can be used as an appropriate measure
that indicates the presence of minutiae as well as a
measure that indicates how well a template can be
located in the secondary ngerprint.
At rst sight, this template selection criterion seems
to conflict with segmentation [6]. While segmentation
chooses the regions of low coherence values as noise or
background areas, now the regions that have low co-
herence values have to be chosen as reliable templates.
However, this contradiction is solved by the notion of
scale [9]. Segmentation selects a large, closed area as
foreground, in which holes and other irregularities are
lled by means of morphology. Instead, the coher-
ence based template selection only searches for local
coherence dips in this foreground area.
The drawback of this method is that noisy areas
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show coherence dips as well, while these are certainly
not reliable templates. This problem may be solved
by using appropriate lters.
A.3 Correlation-Based Template Selection
The third method satises the template require-
ments most directly. In this method, templates are
selected by checking how well they t at other loca-
tions in the same ngerprint. If a template ts almost
as well at another location as it does at its original
location, it is not a useful template. However, if a
template ts much worse at all other locations in the
ngerprint, it is a template that oers a lot of dis-
tinction. Therefore, the ratio of t at a template’s
original location to the t at the next best location
can be used as a template selection criterion.
Since the correlation-based checking is carried out
by means of template matching, this method con-
sumes a lot of computational power. This makes it
a less attractive method to use. However, it is for
instance possible to combine this approach with the
previous two methods. In that case, possible template
locations are extracted by one of the methods of the
previous subsections. Then, the correlation character-
istics of those locations are checked as an additional
selection criterion.
B. Template Matching
Once the templates have been selected in the pri-
mary ngerprint, their corresponding positions in the
secondary ngerprint have to be found. This can be
done using standard template matching techniques.
The template is shifted pixelwise over the secondary
print. At each position, the gray-level distance be-
tween the template and the corresponding area in
the secondary print is determined by summing the
squared gray-level dierences for each pixel in the
template. After having shifted the template over the
entire nger, the location where the distance is min-
imal is chosen as the corresponding position of the
template in the second ngerprint.
This is a very computationally demanding tech-
nique. However, there are possibilities to speed up
the process. When both the template and the n-
gerprint are normalized (we have chosen: E[Ix;y] = 0
and Var [Ix ;y ] = 1 , where Ix;y is the gray-scale image
at pixel (x; y)), a convolution, or lter, can be used
instead. For this method, it is required that these
conditions do not only hold globally for the whole im-
age, but also locally for each area in the image. If
the size of the ngerprint is chosen appropriately, a 2-
dimensional FFT can be used for even more eciency
[10].
As result of the template matching, for each tem-
plate position in the primary ngerprint, the corre-
sponding, or best matching, template position in the
secondary print is obtained.
C. Classication of Template Positions
The ngerprint matching algorithm, based on two
sets of template positions, uses two decision stages.
First, elementary decisions are made by classifying the
individual template position pairs to be matching or
not. Then, the information of all template pairs is
merged in order to make a nal decision whether the
primary and secondary ngerprint match or not.
C.1 Elementary Decisions
After template matching, there are two sets of cor-
responding template locations (xp;yp) and (xs;ys),
where x = [x1; : : : ; xn]T and y = [y1; : : : ; yn]T are the
coordinates of the templates and the superscripts p
and s refer to the primary and secondary ngerprints.
Now, for all n template pairs, a decision has to be
made whether the positions correspond to each other:
(xsi ; y
s
i )
? (xpi ; ypi ) for 1  i  n (2)
Directly examining the dierence of both template
coordinate pairs would only allow some xed trans-
lation in x and y directions. Template pairs that are
some more translated with respect to each other would
be classied as non-matching. In order to deal with
the translations, relative template positions (RTPs)
are used instead. Now, the test becomes:

(xsi ; y
s
i )− (xsj ; ysj )
 ? h(xpi ; ypi )− (xpj ; ypj )i
for 1  i; j  n; i 6= j (3)
or
(xsij ;y
s
ij)
? (xpij ;ypij) for 1  i; j  n; i 6= j
(4)
using the notations that are illustrated in Figure 4.
Instead of comparing n template positions, now n(n−
1)=2 RTPs are classied, of which n− 1 are indepen-
dent.
Direct application of this test allows for some xed
displacement of the templates in x and y direction,
which is set by a threshold (xT ; yT ). However, to allow
rotation and scaling as well, the RTPs are converted
to polar coordinates, as illustrated in Figure 4:
 =
p
(x)2 + (y)2 (5)
’ = \(x;y) (6)
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Fig. 4. Relative template positions, tolerating translations.
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Fig. 5. Use of 3 templates to allow rotation and scaling.
where \(x; y) is dened as:
\(x; y) =
8<:
tan−1(y=x) x  0
tan−1(y=x) +  for x < 0 ^ y  0
tan−1(y=x)−  x < 0 ^ y < 0
(7)
This leads to the classication test:
(sij ; ’
s
ij)
? (pij ; ’pij) for 1  i; j  n; i 6= j (8)
which tolerates some xed amount of rotation and
scaling, especially when s and p are compared by
division instead of subtraction. This tolerates more
displacement for templates that are further away from
each other, which is a much more natural restriction
than xed x and y displacements. This kind of tol-
erance is capable of handling some amount of non-
uniform shape-distortion, caused by the ngerprint
elasticity. Again, the degree of tolerance can be set
by thresholds T and ’T .
The next step is to allow any rotation and scaling
instead of only some xed amount. As illustrated in
Figure 5, a third template is used to obtain the test
that is not only xed for translation of the template
positions, but for rotation and scaling as well:
(a) Matching nger-
prints
(b) Non-matching nger-
prints
Fig. 6. Scatter diagrams of the (ln s=p; s − p) pairs.
(’sji − ’ski; sji=ski)
? (’pji − ’pki; pji=pki)
for 1  i; j; k  n; i 6= j 6= k (9)
However, there is one practical drawback to this
method. The template locations are obtained by means
of template matching. If a template is scaled or ro-
tated more than some constant, it is not possible any-
more to localize it in the secondary image. Further-
more, the same holds, to some extent, for scaling.
This makes the tolerance of any amount of rotation
and scaling less useful.
Since the test of Expression 8 uses one more inde-
pendent classication than the test of Expression 9,
and the last step does not add much value, we adopt
the test of Expression 8 for the rest of the paper. The
scatter diagrams of the (ln sij=
p
ij ; ’
s
ij − ’pij) pairs,
both for matching ngerprints and for non-matching
prints, are given in Figure 6. These pairs are classied
by applying an elliptical threshold:
0B@ ln
sij
pij
T
1CA
2
+
 
’sij − ’pij
’T
!2
< 1 (10)
where T and ’T are the parameters determining the
shape of the ellipse.
The result of this procedure is a match or non-
match classication for all n(n − 1)=2 template com-
binations. The probability that an RTP is classi-
ed non-matching while the prints match, is given
by p(!^0;T j!1;F ), while the probability that a template
distance is classied matching while the prints don’t
match is denoted by p(!^1;T j!0;F ). Here, the subscripts
T and F denote template and ngerprint respectively.
The thresholds that provide the best discrimina-
tion of matching and non-matching RTPs, give for
this database:
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p(!^0;T j!1;F ) = 0:2 (11)
p(!^1;T j!0;F ) = 0:02 (12)
C.2 Combining Elementary Decisions
We now have to classify the two ngerprints as be-
ing a match or not. This decision is based on n(n −
1)=2 relative template positions. This can be solved
using the theory of Bernoulli experiments, which com-
bine n independent experiments using binominal dis-
tribution. The probability P (X = k) for k positive
outcomes when doing n independent experiments that
all have a probability of success p is given by:
P (X = k) =

n
k

pk(1− p)n−k (13)
where 
n
k

=
n!
k! (n − k)! (14)
is the binominal coecient and n! denotes factorial.
The n(n−1)=2 RTPs are certainly not independent.
If we choose one template as reference, all template
positions are xed by only n − 1 distances, while all
other distances can be calculated. Therefore, only
n− 1 independent RTPs are available.
The choice of the reference template is rather im-
portant. If one template is not localized at the right
position in the secondary ngerprint, and this tem-
plate is chosen as reference template, all RTPs will
be classied non-matching. This results in a false re-
jection of the ngerprint. Therefore, we chose the
reference template as the one that has the most RTP
matches.
Once the reference template has been chosen, there
are n−1 RTPs that are in principle independent. This
means that the combination of all RTP matches can
be considered as a Bernouilli experiment, and Expres-
sion 13 can be applied. A threshold kT is set for the
nal ngerprint match or non-match classication, re-
sulting in:
FAR = p(!^1;F j!0;F )
= P (X  kT j non-match)
=
n−1X
k=kT

n− 1
k

p(!^1;T j!0;F )k 
(1− p(!^1;T j!0;F ))n−k−1 (15)
and
FRR = p(!^0;F j!1;F )
= P (X < kT j match)
=
kT−1X
k=0

n− 1
k

p(!^0;T j!1;F )n−k−1 
(1− p(!^0;T j!1;F ))k (16)
In order to meet the commonly used requirements
for ngerprint verication systems, being FAR = 10−4
and FRR = 10−2, and using the values given in Ex-
pressions 11 and 12, it can be calculated that the use
of n = 10 templates with threshold kT = 4 satises
the required performance. For these parameters, the
exact performance is given by:
FRR = p(!^0;F j!1;F ) = 1:8  10−5 (17)
FAR = p(!^1;F j!0;F ) = 3:1  10−3 (18)
An example of the results of this method, using
only 5 templates, is given in Figure 7. The gure
shows that for matching prints, indeed the relative
template positions are about equal, while for non-
matching prints, they are completely dierent.
D. Discussion of the Method
The correlation-based ngerprint verication that
is proposed in this section, is compared to the tradi-
tional minutiae-based methods. The advantage of the
correlation-based method are:
 The method uses the much richer gray-level in-
formation of the ngerprint image instead of only
positions of minutiae.
 The method is also capable of dealing with n-
gerprints of bad image quality from which no mi-
nutiae can be extracted reliably.
 False and missed minutiae do not decrease the
matching performance.
 Unlike the minutiae templates, the template lo-
cations are already paired, which results in much
simpler matching methods. When registering mi-
nutiae sets, it is not known in advance which
minutiae from both sets should correspond.
 The rst decision stage only classies relative tem-
plate positions. This method tolerates non-uni-
form local shape distortions in the ngerprint,
unlike the minutiae templates for which the op-
timal global transform is searched.
The disadvantages of the correlation-based ngerprint
verication method are:
 Template matching is a method that demands a
rather high computational power, which makes
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Fig. 7. Template positions in primary and secondary ngerprints.
the method less applicable for real time applica-
tions.
 The method is at the moment not capable of deal-
ing with rotations of more than about 10 degrees.
This is caused by the fact that, for larger rota-
tions, the templates don’t match well anymore,
causing incorrect positions to be found. A solu-
tion to this problem is rotating the templates and
then performing the matching again. However,
this is a solution that requires a lot of additional
computational power.
 Problems might arise if the minutiae- or cohe-
rence-based template selection methods are used
while 2 minutiae surroundings resemble a lot. In
this case, there is a probability that template
matching will nd the incorrect template posi-
tion, which degrades the matching performance.
Use of the correlation-characteristic template se-
lection will solve this problem.
IV. Experimental Results
The correlation based ngerprint verication sys-
tem that is described in this paper has participated
in FVC2000, a Fingerprint Verication Competition
[11] which was part of the ICPR2000 conference. This
section will present some of the results of this compe-
tition as well as a discussion how to interpret these
results.
A. Experiment Setup
Although many research groups have developed n-
gerprint verication algorithms, only a few bench-
marks are available. Developers usually perform tests
over self-collected databases, since in practice, the
only available sets are the NIST databases, contain-
ing thousands of scanned inked impressions of ngers.
Since these images signicantly dier from those ac-
quired electronically, they are not well-suited for test-
ing on-line ngerprint systems.
FVC2000 attempts to establish a rst common bench-
mark, allowing companies and academic institutions
to unambiguously compare performance and track im-
provement in their ngerprint recognition algorithms.
However, the databases used in this contest have not
been acquired in a real environment according to a
formal protocol and the images originate from sen-
sors that are not native to the participating systems.
Therefore, FVC2000 is not an ocial performance cer-
tication of the participating systems, but it should
be considered as a technology evaluation.
The system performance is evaluated on images from
four dierent ngerprint databases. Three of these
databases are acquired by various sensors, low-cost
and high-quality, optical and capacitive. The fourth
database is synthetically generated using the approach
described in [12]. All databases contain 8 prints of
110 dierent ngers, so 880 ngerprints in total. All
prints were captured by untrained volunteers, result-
ing in ngerprints ranging from high quality to very
low quality.
Of all ngerprints, 8 prints of 10 ngers were dis-
tributed to the participants to tune their algorithms
to the databases. The algorithms were tested using
the other 100 ngers.
For each database, an FAR and an FRR test is per-
formed. For the FAR test, the rst print of each nger
is matched against the rst print of all other ngers,
leading to 4,950 impostor attempts. For the FRR test,
each print of each nger is matched against all other
prints of the same nger, leading to 2,800 genuine at-
tempts.
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(a) Distributions (b) FAR and FRR (c) ROC
Fig. 8. Results of the correlation based ngerprint verication system. In this gure, FAR is called false matching rate
(FMR) and FRR is called false non-matching rate (FNMR).
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Fig. 9. Theoretic results.
B. Experimental Results
The correlation based ngerprint verication sys-
tem performed about halfway the best and the worst
of the other 10 participating systems. Some charts,
showing performance measures for the rst database,
are given in Figure 8. The discrete distribution is
caused by the fact that the competition required a
condence measure between 0 and 1, indicating how
well 2 ngerprints match. The condence measure of
our method is the quotient of the number of matching
RTPs and the maximum number of matching RTPs
that is possible, causing a distribution that consists of
n discrete peaks.
One interesting measure is the equal error rate (EER)
of the system, which is the operating mode of the
system for which FAR and FRR are equal. For this
database, the EER was 7.98%.
The correlation based ngerprint verication sys-
tem consumes a lot of CPU time. The enrollment is
the most time-consuming part of the algorithm. The
version that was sent to FVC2000 takes 10 seconds,
which was the maximum time allowed. The enroll-
ment time can be reduced by evaluating fewer can-
didate templates, but this will decrease the overall
template quality and therefore also the system per-
formance. The average matching time was 2 seconds.
C. Comparison to Theoretic Results
In order to compare the experimental results to the
theory, Figure 9 shows the same performance mea-
sures, according to the theory of Expressions 11, 12,
15 and 16. Using these expressions, the theoretic EER
is given by 4:6  10−4.
From these performance measures, it is clear that
the correlation-based ngerprint verication system
does not perform as well as it was supposed to. When
comparing Figure 8(a) to Figure 9(a), is can be seen
that the experimental impostor distribution approxi-
mately equals the theoretic one, but that the genuine
distribution is much flatter than it is in theory.
The deviation of the genuine distribution can be
explained by the fact that the RTPs are not inde-
pendent for genuine matches, while this was assumed
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by using the binominal distribution of Expression 13.
The most probable cause of the lower genuine scores
is the rotation of ngerprints. If two ngerprints are
rotated more than about 10 degrees with respect to
each other, template matching cannot localize some
of the templates correctly. This causes the dependent
RTPs to be classied incorrectly.
This situation certainly exists for some pairs of n-
gerprints in the databases. The ngerprints are spec-
ied to have a rotation of -15 to +15 degrees from
normal, which means that relative rotations up to 30
degrees might appear in these databases.
A possible solution to this problem is the determi-
nation of the relative rotation of two ngerprints, us-
ing for instance the singular points. Once the rotation
is known, it can be compensated, after which the cor-
relation based ngerprint verication algorithm can
be applied directly.
V. Conclusions
This correlation-based ngerprint verication sys-
tem provides a very simple and direct solution to the
ngerprint matching problem. Unlike the minutiae-
based systems, this approach does not require much
preprocessing. As a consequence, there will be no er-
rors introduced in these steps.
The system uses the much richer gray-level infor-
mation of a ngerprint image. It is capable of dealing
with bad image quality ngerprints and missed and
spurious minutiae. Due to the paired templates, the
decision stage is much simpler and it is able to deal
with some non-uniform shape-distortion problems.
Experiments have shown that the correlation based
ngerprint verication system performs approximately
as well as other types of systems. The performance of
the system can be enhanced by solving the problem
of ngerprints that show more than some amount of
rotation with respect to each other.
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